Motivation: One of the goals of functional genomics is to understand the regulatory implications of experimentally obtained genomic regions of interest (ROIs). Most sequencing technologies now generate ROIs distributed across the whole genome. The interpretation of these genome-wide ROIs represents a challenge as the majority of them lie outside of functionally well-defined protein coding regions. Recent efforts by the members of the International Human Epigenome Consortium have generated volumes of functional/regulatory data (reference epigenomic datasets), effectively annotating the genome with epigenomic properties. Consequently, a wide variety of computational tools has been developed utilizing these epigenomic datasets for the interpretation of genomic data. Results: The purpose of this review is to provide a structured overview of practical solutions for the interpretation of ROIs with the help of epigenomic data. Starting with epigenomic enrichment analysis, we discuss leading tools and machine learning methods utilizing epigenomic and 3D genome structure data. The hierarchy of tools and methods reviewed here presents a practical guide for the interpretation of genome-wide ROIs within an epigenomic context. Contact:
Introduction
Functional genomics research seeks to understand the biology of the human genome from its basic functions to the origins of disease states. To this end, sequencing technologies have generated volumes of data, typically summarized into biologically interesting genomic regions of interest (ROIs). The definition of ROIs includes regions of finite length, such as insertions/deletions, copy number variants, differentially methylated regions, transcription factor binding sites (TFBSs), and 3D interacting regions. Genomics is faced with the challenge of interpreting thousands of ROIs. The problem is exacerbated by the fact that the majority of ROIs are located outside of the functionally well-defined protein-coding portion of the genome (Manolio et al., 2008) . Interpretation of genome-wide ROIs remains a bottleneck in genomics research.
Recent research efforts demonstrated that more than 80% of the genome is transcribed, bound by a regulator, or associated with biochemical modifications suggestive of regulatory functions (ENCODE Project Consortium, 2012) . The ENCODE, NIH Roadmap Epigenomics, FANTOM5, BLUEPRINT, and other members of the International Human Epigenome Consortium (IHEC) (Stunnenberg et al., 2016) have been actively cataloging functional/ regulatory genome annotation datasets, such as cell type-and tissuespecific histone modifications, DNAse I hypersensitive sites, DNA methylation and transcription factor binding sites (TFBSs). These genome annotation data-regions annotated as carrying functional/ regulatory potential or having a biological property-are collectively referred to as epigenomic regions (Berger et al., 2009) .
One natural approach to interpreting the regulatory effect of experimentally generated ROIs is to evaluate their co-occurrence with epigenomic regions. Its biological motivation comes from a common belief that physical overlap or proximity of ROIs and epigenomic regions implies some biological constraints or mechanistic Review relationships. For example, findings of the ENCODE project showed that epigenomic regions overlap with evolutionarily conserved genomic sequences significantly more frequently than would be expected by chance (ENCODE Project Consortium, 2012) , providing the evidence that epigenomic regulation is conserved. This observation gives an example of the need to look for significant cooccurrences between ROIs and epigenomic annotations as a means to interpret regulatory relationships. Although co-occurrence analysis helps interpretation of the regulatory roles of individual ROIs, it says nothing about their collective impact on regulation. The significance of the collective impact can be defined by an enrichment analysis-a statistical test whether ROIs overlap with epigenomic regions more or less frequently than would be expected by chance. The epigenomic datasets enriched in ROIs, e.g. activating histone modifications, define potentially altered regulatory mechanisms (Maurano et al., 2012; Trynka et al., 2013) . This analysis is referred to hereafter as the 'epigenomic enrichment analysis.'
A substantial number of statistical methods and tools that use epigenomic annotation data for the interpretation of experimentally obtained genomic data has been introduced in the last few years ( Fig. 1) . Users are now confronted with a difficult choice of methods that are best suited to the interpretation of ROIs. Although such choices have been well outlined for gene set enrichment analysis, a hierarchy of tools and methods using epigenomic data is lacking. As the human genome has by far the largest number of epigenomic annotations, this review focuses on methods and tools utilizing human epigenomic data.
Epigenomic analysis methods

Gene-centric epigenomic enrichment analysis
The goal of epigenomic enrichment analysis is to define epigenomic datasets statistically significantly associated with a set of genomewide ROIs. The rationale is to establish a mechanistic link between ROIs and epigenomic regulation.
Although epigenomic data provides a wealth of information to interpret potential regulatory mechanisms, the current understanding of epigenomics is limited to broad categories, like activating/repressive histone modifications. This simplification hinders the interpretation of regulatory mechanisms. Instead of mapping ROIs directly to epigenomic regions, one strategy is to link them to the nearby genes and interpret enriched gene ontologies and pathways (Table 1, Supplementary Fig. S1 ). Alternatively, epigenomic regions in the promoters of genes linked to ROIs can be analyzed for enrichment. The hypothesis here is that ROIs located in or near genes may alter some regulatory mechanisms, leading to gene expression changes. The statistical methods for the gene-centric functional enrichment analysis (Supplementary File S1) have been naturally extended on the use of epigenomic annotations.
Genome-wide epigenomic enrichment analysis
The epigenomic enrichment analysis can be viewed as a general case of gene-centric enrichment analysis, scaled genome-wide (Table 1) . Each epigenomic dataset corresponds to a distinct regulatory property. With growing awareness about epigenomic regulation, epigenomic enrichment analysis is becoming a de facto standard in virtually any functional genomics publication.
The idea of epigenomic enrichment analysis was developed by the ENCODE project. Their approach, termed Genome Structure Correction (GSC), calculates the significance of the number of overlapping bases between ROIs and epigenomic regions (ENCODE Project Consortium, 2012) . This approach implements a sampling strategy to account for the non-random distribution of epigenomic regions (Bickel et al., 2010) . A similar strategy was also implemented in the Genomic Association Tester (GAT) command-line tool (Heger et al., 2013) . GAT accepts discrete regions in BED format (Supplementary File S2) and estimates the significance of epigenomic overlap/proximity of ROIs by random sampling, accounting for length and CG content. Importantly, GAT introduced the concept of 'background' or the effective genome to estimate the null distribution of random overlaps; thus, avoiding overestimating enrichments.
A skilled bioinformatician may choose to implement epigenomic enrichment analysis using the BEDTools suite developed by Aaron Quinlan (Quinlan and Hall, 2010) . The jaccard and fisher tools calculate the Jaccard coefficient (intersect over union) and Fisher's exact test statistics of the significance of overlaps between ROIs and epigenomic regions. By default, the whole genome is used as a background, which leads to overestimation of the p-values. Wrapping these tools into a permutation test framework (Supplementary File S1) avoids this problem. The Quinlan group also developed BITS (Layer et al., 2013) , a parallelizable enrichment analysis tool making permutation framework very efficient.
Users less familiar with command line may use the ColoWeb web server (Kim et al., 2015) . It accepts user-provided regions in BED format and provides a database of cell type-specific epigenomic data. Furthermore, it utilizes epigenomic data more effectively by evaluating the distribution of continuous epigenomic signal instead of discrete epigenomic regions. Importantly, this approach allows detecting indirect relationships if a strong epigenomic signal is detected within pre-defined windows around ROIs. P-values are calculated using a local permutation test. Coupled with intuitive visualization of epigenomic signals around ROIs, ColoWeb is an excellent tool to use with minimal user efforts. Users familiar with R/Bioconductor have several R packages to perform epigenomic enrichment analysis. ChIPseeker (Yu et al., 2015) provides a variety of functions for annotating user-provided ROIs in BED format by proximity to the nearby genes, finding overlaps with epigenomic regions, performing gene-centric and epigenomic enrichment analysis. ChIPseeker employs permutation strategy to calculate overlap enrichment p-values. ChIPseeker provides access to multi-organism epigenomic datasets from GEO (Gene Expression Omnibus), expanding enrichment analysis to species other than human. Coupled with excellent visualization capabilities, ChIPseeker is a well-designed tool with complete functionality for the interpretation of genome-wide ROIs.
Two other R packages, LOLA (Locus OverLap Analysis) (Sheffield and Bock, 2016) and regioneR (Gel et al., 2016) , implement different enrichment statistics calculations. LOLA utilizes a Fisher's exact test, while regioneR calculates permutation-based p-values. Both tools are flexible in the choice of genomic background for estimating the null distribution of random overlaps. LOLA provides a database of genomic annotations customized for ease of interpretation, with an option to build additional databases. Both packages represent general purpose tools for enrichment analysis of user-provided ROIs in BED format.
Cell type-specific enrichment analysis
In contrast to relatively static genomic sequence, epigenomic regions are cell-and tissue-specific (Maurano et al., 2012) . These observations have naturally led to the hypothesis that ROIs enriched in epigenomic regions from a particular cell-or tissue-type may collectively disrupt regulatory mechanisms in that cell or tissue (Trynka et al., 2013) . As the cell-and tissue-type-specific epigenomic datasets became available, there is a considerable interest to identify the cell-/tissue type specificity of epigenomic enrichments (Table 1) .
DNAse hypersensitive sites associated with open chromatin are frequently used to define cell-type-specific regulatory regions (Maurano et al., 2012) . These data are used in the eFORGE webbased and command-line tool (Breeze et al., 2016) , primarily developed for Illumina Infinium 450K methylation data. eFORGE accepts ROIs as either a list of 'cg' identifiers of probes on the Infinium 450K array or genomic coordinates in BED format. It interactively visualizes enrichments across multiple tissues and cell types. The ReMap web-based tool (Griffon et al., 2015) complements eFORGE by utilizing cell type-specific transcription factor data from the ENCODE project, as well as using a custom database of ChIP-seq experiments.
Proximity/3D epigenomic enrichment analysis
Although epigenomic enrichment analysis is the most straightforward way to interpret the functional impact of ROIs overlapping epigenomic regions, it does not consider indirect or proximal relationships among them. Probably the best-known example of the importance of such relationships is the association of CpG islands with the expression of nearby genes through DNA methylation (Bird, 1986) . Analysis of systematic proximal relationships between ROIs and epigenomic regions may reveal novel indirect regulatory associations (Table 2) . Proximal relationships can be defined in various ways. Many of them are implemented in the GenometriCorr R package (Favorov et al., 2012) that analyses user-provided ROIs and annotation data in BED format. The relative distance test detects whether the distribution of relative distances between two sets of genomic regions significantly deviates from a uniform distribution, quantified by the Kolmogorov-Smirnov (KS) statistics. The absolute distance test considers length distribution of the data to calculate p-values using the permutation test. The projection test evaluates whether pointwise ROIs significantly overlap annotation data using the binomial test and the Jaccard statistics. It should be noted that the tests are asymmetric, i.e. ROIs and annotation data are not interchangeable. The package is well-documented with case scenarios and provides a flexible tool for interpreting direct and proximal associations between ROIs and epigenomic annotations.
Besides proximal relationships on a linear scale, it is important to consider the spatial relationships in the 3D structure of the genome. The HiBrowse web server (Paulsen et al., 2014) pioneered the 3D enrichment analysis. This analysis evaluates whether genomic regions are spatially co-localized more often that would be expected by chance, evaluated by a permutation test. The limitation of this tool is that it lacks integration of epigenomic data with the 3D data needed for the interpretation of ROIs in the 3D epigenomic context. This limitation was partially addressed in the Chrom3D method (Paulsen et al., 2017) that models the 3D structure of the genome by integrating lamina-associated domains. These tools represent the first step in adding a spatial dimension in the epigenomic enrichment analysis.
Correlation analysis
A more general approach to evaluating relationships between ROIs and epigenomic datasets is correlation analysis (Table 2) , which aims to quantify both overlap and proximity relationships. The definition of correlation analysis suggests the use of classical correlation statistics, such as Pearson's correlation coefficient. For the discrete ROIs and epigenomic regions, an overlap matrix can be created, and the correlation analysis may be run directly on it (Zhang et al., 2007) . Caution is needed here, as high correlation coefficients may be driven by many pairwise zeros corresponding to the nonoverlapping regions. The continuous signal from ROIs and epigenomic datasets may be correlated directly or over pre-defined regions, such as promoters.
Correlation between the continuous signal from two or more sets of genomic regions can be estimated using the wigCorrelate command-line tool from the suite of Kent tools (Kent et al., 2010) . A recently developed Stereogene command-line tool (Stavrovskaya et al., 2016) complements wigCorrelate with a very fast implementation of correlation analysis of both discrete regions and continuous signals. The method is based on calculating a covariation integral between two functions representing signals from two datasets, and the significance of correlations is estimated using permutations. The KLTepigenome tool, written in R (Madrigal and Krajewski, 2015) , provides a similar functionality by testing for co-occurrence and co-variability between continuous signals. It uses a finite KarhunenLoeve transform to perform a functional principal component analysis (FPCA). The co-variability scores can then be correlated using the Pearson correlation coefficient, revealing relationships that cannot be identified by a global correlation analysis. Users less familiar with command line may turn to the Genome Track Analyzer (AnCorr) web server (Kravatsky et al., 2015) that tests for correlations between ROIs and epigenomic annotations while accounting for inhomogeneity of length of genomic regions.
Network analysis
Correlation analysis can be applied to constructing networks among epigenomic features. The Sparse Partial Correlation Network (SPCN) method (Lasserre et al., 2013) uses a matrix of partial correlations of the epigenomic signal over pre-defined windows. These partial correlations are then used to build a network of epigenomic features. The method is well-documented and implemented as R functions, making it a good choice to build networks in R environment. Similarly, the ChromNet web server (Lundberg et al., 2016) calculates an inverse correlation matrix of the raw sequencing counts binned to 100kb windows. This matrix captures conditional dependence relationships among ChIP'ed factors (variables) but may suffer from collinearity among epigenomic datasets. A different approach was introduced in ChromModNets (Perner et al., 2014 ) that inferred chromatin networks using elastic nets regression naturally resolving correlated predictors. Using epigenomic data for correlation-based network construction remains a relatively unexplored area.
Multipurpose tools
Each type of epigenomic enrichment analysis answers a different question about functional relationships between ROIs and epigenomic elements. To maximize the interpretation of ROIs within an epigenomic context, tools providing access to multiple analyses have been developed (Table 2 ). The Genomic HyperBrowser web server (Sandve et al., 2010) is among the best tools for implementing a well-thought statistical framework for investigating various kinds of relationships among (epi)genome annotations and ROIs. All tests are based on a precise definition of a null model, e.g. with or without preservation of relationships among epigenomic annotations. Different randomization techniques provide flexibility in selecting the correct statistical tests. The Genomic HyperBrowser accepts a variety of data formats but requires a user to provide all data to be tested for associations.
The need to provide epigenomic data in addition to ROIs may prevent users to invest into epigenomic enrichment analysis. Two web servers overcome this limitation. The EpiExplorer web server (Halachev et al., 2012) provides a collection of epigenomic data structured for interpretability. The GenomeRunner web server (Dozmorov et al., 2016) uses hierarchically structured epigenomic data from the ENCODE, Roadmap Epigenomics, FANTOM and Cistrome, among others. Besides classical epigenomic enrichment analysis using chi-square, binomial, or permutation-based statistics, it implements epigenomic similarity/differential analyses. The epigenomic similarity analysis correlates patterns of epigenomic enrichments among multiple sets of ROIs and visualizes similar sets in a clustered heatmap. Clusters of sets of ROIs can then be tested for differences in epigenomic enrichments. Cell type-enrichment analysis, in contrast to other approaches, tests whether enrichments in cell type-specific epigenomic datasets are more statistically significant than the global enrichment pattern. These tools simplify epigenomic interpretation of user-provided ROIs in BED format by providing epigenomic data, statistical methods and visualization of the results through web interfaces.
The EpiMINE stand-alone tool (Jammula and Pasini, 2016) complements both web servers by additional epigenomic analyses. It performs classical epigenomic enrichment and correlation analyses, summarizes continuous data over pre-defined regions, and identifies GenomeRunner, EpiMINE performs differential enrichment between two sets of ROIs over pre-defined windows and differential enrichment between clusters of sets of ROIs. It uniquely implements network analysis using the Bayesian approach, and classification analysis based on Support Vector Machines (SVM) learning algorithm. The latter allows identification of different classes of ROIs with distinct epigenomic signatures. Coupled with excellent visualization capabilities, EpiMINE permits a thorough interpretation of different types of ROIs within epigenomic context.
Epigenomic machine learning approaches
Recently, epigenomic data started to be utilized within the machine learning frameworks (Table 3 , Supplementary File S3, Supplementary Fig. S2 ). This relatively new branch grew out of an observation that epigenomic regions are frequently co-localize, as illustrated by the combinations of histone modifications defining 'histone code.' (Strahl and Allis, 2000) Machine learning methods are exploratory in that they help to define the novel functionality of the epigenome. As such, they do not directly help to interpret ROIs but instead, define new epigenomic rules and properties that can then be used for interpretation.
3 Current challenges and outlook
Sparsity of epigenomic data
The ambitious goal of consortia generating epigenomic data faces a challenge of cell type-specificity of epigenomic regions. Profiling of X number of epigenomic datasets in Y number of cell types, using, on average, Z number of replicates per epigenomic dataset, requires resources not readily available; thus, only a fraction of epigenomic modifications is studied. For example, over 100 histone modifications are known to exist (Kouzarides, 2007) ; however, only a few histone modifications (H3K4me1, H3K4me3, H3K9me3, H4K27ac, H3K27me3, H3K36me3) were profiled across most of the cell types. Although missing epigenomic regions can be imputed (Ernst and Kellis, 2015) , the sparsity of epigenomic data limits its systematic use for interpretation of cell type-specific epigenomic associations.
Batch effects
Even within one consortium, epigenomic data is generated by multiple labs, technologies and processing pipelines. Variability arises as a result of technical biases in library preparation, sequencing errors, mappability and nucleotide content, and factors not directly captured as well-defined batches (Leek et al., 2012) . Another source of variability arises from different bioinformatics processing of epigenomic data. Access to raw data needed to better account for pipeline-introduced batch effects requires prior approval by a Data Access Committee-an extra limiting step. Close attention should be paid to technical and computational batches when using epigenomic data from multiple sources (Leek et al., 2012) . 3.3 3D structure of genomic data Initial efforts aimed at the use of epigenomic annotation for interpretation of ROIs considered the human genome as a linear sequence of nucleotides with epigenomic elements scattered across it. Such an assumption made statistical analyses simpler and advanced our basic understanding of the relationships among genomicepigenomic regions. However, a genomic structure is far from being linear; it folds into complex 3D interactions (Di Stefano et al., 2016) . Evolution of chromatin conformation capture technologies into Hi-C sequencing now allows an insight into spatial interactions among genomic regions. Efforts such as HiBrowse started to develop statistical methodologies for the interpretation of genomic data within the 3D structure of the human genome. These methods can help to answer basic questions like whether ROIs are co-localized in 3D, but this interpretation leaves out epigenomic context. Only recently, 3D associations between epigenomic annotations and genomic properties started to be revealed (Paulsen et al., 2017; Pancaldi et al., 2016) . Statistical frameworks for using Hi-C data in conjunction with epigenomic data to interpret the regulatory functions of ROIs in 3D are underdeveloped. It is anticipated that future statistical methods will be focused on integrating epigenomic data with the 3D genomic structures for better interpretation of ROIs.
High-performance computing issues
Relatively little attention has been paid to high-performance computing/parallelization of epigenomic analyses. Only the BITS tool has built-in parallelization of interval search computations (Layer et al., 2013) . Computation has not been an issue until recently when high-resolution Hi-C data became available. Consequently, high-performance computing practices should be considered for future development of tools for maximizing our understanding of ROIs within the 3D structure coupled with epigenomic annotations.
Outlook
The quest for understanding of the functional roles of ROIs outside of protein coding regions has been ongoing for years but is far from being completed. The number of epigenomics-associated publications increases exponentially ( Supplementary Fig. S3 ), as well as the number of preprint publications on bioRxiv. Wider availability of epigenomic data helped to reveal a basic understanding of epigenomic mechanisms that may be altered by ROIs. The complexity of the 3D genome organization illuminated by the latest sequencing technologies opens new opportunities for the development of statistical methodologies better adapted to the non-linear structure of the genome and epigenome. This has been exemplified by the advent of machine learning algorithms gradually integrating epigenomic and 3D data, with many opportunities wide open.
